This paper investigates the use of time series of ALOS/PALSAR-1 and COSMO-SkyMed data for the soil moisture retrieval (m v ) by means of the SMOSAR algorithm. The application context is the exploitation of m v maps at a moderate spatial and temporal resolution for improving flood/drought monitoring at regional scale. The SAR data were acquired over the Capitanata plain in Southern Italy, over which ground campaigns were carried out in 2007, 2010 and 2011. The analysis shows that the m v retrieval accuracy is 5%-7% m 3 /m 3 at L-and X band, although the latter is restricted to a use over nearly bare soil only.
Introduction
The superficial soil moisture content (m v ) is a critical variable of the land hydrologic cycle as its spatial and temporal distribution has a crucial impact on the exchange of heat fluxes at the soil-atmosphere interface. In operational hydrology, m v plays a crucial role in several different tasks. For example, in water resource management m v is one of the main state variables of the hydrological water balance, whereas in flood prediction, the so called "antecedent moisture condition" dramatically affects the rainfall-runoff transformation and, hence, the predicted streamflow and its peak. Soil moisture products at global scale are currently operationally derived from microwave radiometers [e.g. Kerr et al., 2010] and scatterometers [Naeimi et al., 2009 ] at a coarse resolution (e.g. 15-25km), however, no operational product is yet available at higher resolution (e.g. below 1km). This is partly because most past spaceborne Synthetic Aperture Radars (SARs), which are the most appropriate systems to retrieve m v at a high or moderate spatial resolution (i.e. from 100m to 1000m), had a long revisit time (e.g. 35-46 days) not suited to monitor surface parameters characterized by a high time variability such as m v . In this respect, the new generation space missions, such as COSMO-SkyMed constellation [Covello et al., 2010] and TerraSAR-X [Werninghaus and Buckreuss, 2010] , together with the forthcoming ESA Sentinel-1 (S-1) [Torres et al., 2012] , JAXA ALOS-2 [Suzuki et al., 2009] and CONAE SAOCOM missions [Giraldez, 2003] , all characterized by shorter revisit times (e.g. 1-14 days), aim at overpassing this limit and, then, approaching the user requirements for an effective employment of the m v products [Walker and Houser, 2004] . Nevertheless, a more fundamental difficulty in retrieving accurate m v (e.g. 5% m 3 /m 3 ) from SAR backscatter lies in its simultaneous dependence on several surface parameters apart from m v , such as surface roughness and vegetation cover, that often renders the m v retrieval highly inaccurate. To circumvent this problem, it has been proposed the use of additional information to constrain the retrieval problem, e.g. using a priori information on surface parameters [e.g. Baghdadi et al., 2002; Mattia et al., 2009] . However, notwithstanding that good results in terms of accuracy have been often obtained, the fact that at large scale the a priori information on m v is of very heterogeneous quality drastically limits the possibility of using this approach for systematic m v retrieval. The forthcoming availability of time series of frequent SAR acquisitions opens to possible alternatives for the m v retrieval at a high spatial resolution. Its potential has been investigated in the past, for example in [Wickel et al., 2001] , and retrieval algorithms based on change detection [Hornáĉek et al., 2012] or Bayesian [Mattia et al., 2006; Pierdicca et al., 2013] approaches have been proposed to take advantage from the multi-temporal C-band products. In this context, a soil moisture retrieval algorithm, named "Soil MOisture retrieval from multi-temporal SAR data" (SMOSAR), has been developed with a view to the exploitation of the S-1 products . On the basis of a simplified theoretical model, SMOSAR inverts the temporal change of the radar backscatter between subsequent and close acquisitions rather than each independent SAR acquisition to produce m v maps. Multi-temporal acquisitions with a short repeat cycle are indeed expected to track the fast changes of m v only, since the other surface parameters affecting the radar backscatter, e.g. surface roughness, canopy structure and vegetation biomass, change over a longer time scale and therefore can be considered as constant (excluding cultivation practice periods). SMOSAR has been tested using ASAR and RADARSAT-2 data collected over well-documented test sites during the ESA AgriSAR'06 and AgriSAR'09 and Italian ENVISAT'03-'05 campaigns and it has also been adapted to L-(SMOSAR-L) and X- (SMOSAR-X) band SAR data and assessed using ground measurements from a network of stations. The assessment has shown that the accuracy of the retrieved m v is 5%-7% m 3 /m 3 . The objective of this paper is to further assess the performance of the SMOSAR-L/X code on ALOS/PALSAR-1 and COSMO-SkyMed (CSK) SAR data acquired over the Capitanata plain (Southern Italy) in 2007 and 2010-11 during extensive ground data campaigns. In the next section, the test site and the SAR and ground data are described. Then, the SMOSAR algorithm is introduced and its application at L-and X-band is discussed.
Test site and data sets
The Capitanata plain in Puglia region is the second largest plain in Italy (about 4000 km 2 ). The climate is typical semi-arid with temperatures which may fall below 0°C in winter and rise above 40°C in summer. Annual rainfall (avg. 550 mm/year) is unevenly distributed throughout the year, being mostly concentrated during the winter months. The soil texture of this area is predominantly and homogenously clay, apart from a Southern sandy clay loam area. Figure 1 ) are also shown. More than half of the area is devoted to durum wheat cultivation (54% of the study area), as can be seen in the land use map in Figure 1 (yellow fields) obtained by a supervised classification of three SPOT-5 images acquired in 2007 (overall accuracy in test equal to 97%). Other important seasonal crops are tomato (red fields) and sugar beet (light green fields), which cover approximately 13% of the area. Multi-temporal classifications of SPOT data in 2010 and 2011 (overall accuracy in test equal to 95%) have shown similar distributions in percentage of the main crops. According to the local crop management scheduling, durum wheat is usually sown between November and the end of December and harvested within mid-June, sugar beet is sown in autumn and harvested in July-August, tomato is sown in April and harvested in August-September. 
Ground data
Two ground data sets have been used in this study. The first one was gathered in 2007 in the framework of the Italian project AQUATER [Rinaldi et al., 2007] , while the second one was collected in 2010-2011 during the Italian project COSMOLAND . During the campaigns, experimental fields cultivated with wheat, sugar beet and tomato were selected at the D'Amico, Carafa, De Lucretis, Forte and Segezia farms in 2007 and at the D'Amico, Carafa, De Lucretis, Forte, Gramazio and Menichella farms in 2010-2011. In particular, the wheat fields, which are usually not irrigated in the study area, were 5 in 2007 and 6 in 2010 and 2011. Quantitative measurements of vegetation parameters (fresh and dry biomass, LAI, plant height) and soil moisture content at 0-5cm depth were collected over the selected fields, from March-April to August 2007 August , 2010 August and 2011 coincidence or in proximity of the planned SAR acquisitions. However, due to technical and organizational reasons there often is a mismatch between ground measurements and SAR acquisitions and, in particular over the wheat fields, there are some lacks of m v measurements from mid-June to August. Soil moisture content was measured using gravimetric method: soil samples were weighed and dried in a ventilated oven at 105°C, until constant weight and the moisture was referred to volumetric base by means of soil density. This latter was determined at the same time intervals using Kopecky rings for sampling undisturbed soil and measuring weight and moisture. For a larger number of fields qualitative information was collected (e.g. land use, phenological stage, pictures). Ancillary data, in terms of digital elevation model, soil texture map and meteorological data from 4 meteorological stations in 2007 (Arpinova (1), Lucera (2), Borgo Cervaro (3) and Segezia (4)) are also available.
SAR data
The PALSAR-1 and CSK data analyzed are listed in Table 1 . The L-band SAR data set consists of eight PALSAR-1 images acquired in ScanSAR WB1 mode at HH polarization and at 27° mean incidence angle (ranging between 23° and 34°) from January to May 2007; the revisit time is of approximately every two weeks from March to May 2007. The calibrated and geocoded PALSAR-1 WB1 (level 1.5) products have been coregistered, temporally [Quegan and Yu, 2001 ] and spatially filtered. During the COSMOLAND campaign, eight CSK images were acquired at HH polarization and at 26° incidence angle approximately every one week, i.e. four Geocoded Ellipsoid Corrected (GEC) StripMap Ping-Pong products in July-August 2010 and four Geocoded Terrain Corrected (GTC) StripMap Ping-Pong products in June-July 2011. The geocoded CSK products have been calibrated, coregistered and temporally and spatially filtered. As an example, the temporal behaviour of the backscatter measured by PALSAR-1 and CSK over one wheat field (bare from mid-June) in 2007 and 2010, respectively, is reported in Figure 2 . The precipitation rate is also shown. The L-band data follow the seasonal variability of the precipitation. In particular, the PALSAR-1 acquisitions on dates 13/03 (DoY 72) and 25/03 (DoY 84) were acquired between some precipitation events. At Xband, the acquisitions cover only a short period in summer and the X-band backscatter values are quite steady, apart from the slight change due to one precipitation event on 31/07 (DoY 212). [Balenzano et al., 2011] , which implies that over nearly bare or vegetated soils, whose radar response is dominated by the surface attenuated scattering, the backscatter changes over a short time interval depend only on m v changes (see the Appendix for more details). Figure 3 is a schematization of the algorithm, which works at pixel scale and consists of two main parts: I) a masking block, which masks the areas where the retrieval algorithm cannot be applied; II) a retrieving block, in which the m v quantitative retrieval is carried out. The input SAR images are at a resolution of approximately 100m and the steps I) and II) are performed at such a high resolution, whereas the final m v maps are delivered at a coarser resolution of approximately 1000m as a final boxcar filter is applied on the m v maps in order to reduce the m v variability. 
Masking block
In SMOSAR, the masking block is implemented as a two-step process. The first one consists of using global land cover maps (e.g. CORINE, GlobCover) to mask areas such as forests, urban areas, water bodies. The second step operates within the agricultural or short vegetated land cover classes and further masks those surfaces dominated by volume scattering over which the algorithm cannot work. As a result, only those surfaces dominated by soil attenuated scattering are left unmasked and over these surfaces the m v retrieval algorithm is applied. The implementation of the second step depends on the SAR system configuration and available ancillary data. For instance, for a C-band and dual polarized system (e.g. Sentinel-1 configuration), the second level masking consists of an adaptive thresholding classification method applied to cross-polarized components developed by Satalino et al. [2013] , whereas for a L-(e.g. PALSAR-1) or X-band (e.g. COSMO-SkyMed) system it consists of either a constant threshold approach applied to NDVI maps or a crop selection based on land use maps. Indeed, at L-band, the alpha approximation can be applied to cereals-like and ramified crops, e.g. rape, though for such a dense and random ramified canopy structure, the requirement on the time span between subsequent SAR acquisitions is more stringent than for cereals-like crops [Balenzano et al., 2011] . At X-band, conversely, due to the reduced SAR signal penetration through the crop canopy [Le Toan et al., 1989] , the alpha approximation holds over nearly bare fields only. Indeed, even in case of cereals, which at L-and C-band are dominated by the soil attenuated scattering mechanism (at least up to moderate incidence angle, i.e. less than 40°), the radar signal at X band is so attenuated by the canopy that the dominant contribution can become the volume scattering for a well-developed crop [Prevot et al., 1993; Taconet et al., 1994; Brown et al., 2003 ], thus preventing the use of the alpha approximation during the whole growing season.
Retrieving block
The retrieval algorithm consists of solving an underdetermined linear system subject to linear constraints (see the Appendix for more details), which are expressed as an interval of lower and upper bounds for the system unknowns (i.e. α α In the next sections, results obtained by using SMOSAR-L and SMOSAR-X are shown.
Assessment of SMOSAR performance

Accuracy at L band
As from January to February 2007 the available L-band PALSAR-1 images were acquired not as frequently as in the period from March to May, the analysis has been limited to the case of wheat fields that are bare or sparsely vegetated until March and, therefore, do not show significant changes neither in the soil roughness nor in the crop canopy. Moreover, it is worth noting that in the case of wheat the backscatter at L-band and HH polarization is mostly affected by the soil with very weak interaction with the canopy [Balenzano et al., 2011] . As a consequence, SMOSAR-L has been applied over the wheat fields using the entire data set of the SAR images, processed altogether (N=8). In order to identify cereal fields, a land use map derived by Satalino et al. A quantitative assessment of the SMOSAR-L derived m v maps has been carried out using the ground measurements collected over the selected 5 wheat fields in coincidence or in proximity (within 1-5days with no precipitation events in between) of the SAR acquisitions (4-6 measurements per field). The scatter plot in Figure 4 reports the comparison between the retrieved and measured m v values averaged at field scale. The parameters of the linear fit as well as the correlation coefficient, R, are also reported. The total root mean square error (rmse) is 5.3% m 3 /m 3 . 
Accuracy at X band
Since the CSK data were acquired between mid-June and the beginning of August when the wheat fields were harvested and not yet ploughed, the soil roughness can be considered constant during the CSK acquisitions. Therefore, SMOSAR-X has been applied over the wheat fields using altogether the N=4 SAR images for each year. The land use map was derived in and the adopted constant constraint interval is α α 
Spatial m v variability analysis
In this section, the spatial patterns of the retrieved m v maps, due to the different precipitation rates and soil texture property are investigated. It is worth noting that the study area is flat, therefore topography have a marginal influence on the m v patterns. Figure 6 presents the PALSAR-1 derived m v maps on 13/03 (DoY 72) and 25/3 (DoY 84) 2007, just before and after some precipitation events (see Fig. 2 ). The locations of the farms monitored on the site and of the meteorological stations are also reported. The different m v level across the study area on DoY 84, higher in the Northern area, is due to unevenly distributed precipitation occurred. Indeed, Figure 
Conclusion
The SMOSAR m v retrieval algorithm, recently developed in view of the forthcoming Cband S-1 constellation, produces m v maps at a moderate spatial resolution. SMOSAR takes advantage from the frequent SAR acquisitions by inverting the temporal changes of radar backscatter and has been applied to time series of L-and X-band SAR data acquired by the ALOS/PALSAR-1 and CSK systems over an agricultural site in Southern Italy. At L-band, the comparison between the SAR-retrieved m v maps and the ground data has shown an accuracy of approximately 5% m 3 /m 3 . At X-band, an in-depth assessment has been hampered by the reduced availability of temporally collocated ground data, though, results are consistently in agreement with the expected SMOSAR m v map accuracy and with hydrologic model predictions [Iacobellis et al., 2013] . The main drawback of using the X-band with respect to lower frequency SAR data is that the algorithm can only be applied to bare or sparsely vegetated fields, whereas at C-and L-band a broader range of applicability is possible. In terms of limitations, the main algorithm restrictions are: i) it applies only over agricultural or short vegetated areas characterized by surface scattering; ii) it requires an initial estimate of the upper and lower bound wetness conditions of the area, carried out at a coarse scale.
Conversely, the strengths of the approach are that it can work with single polarized time series of SAR data, it is fast and it applies to nearly bare as well as to a number of vegetated surfaces, without inverting complex scattering models. A future application concerning the integration of the SAR-derived m v maps into hydrologic models, calibrated over the Puglia region, in order to improve the hydrological real time forecasting is envisaged.
Appendix
Alpha approximation
In order to illustrate the rational of the algorithm it is useful to adopt as a mathematical framework the Radiative Transfer model at first order, which expresses the backscattering coefficient (i.e. σ 0 ) of a vegetated surface as the superposition of three contributions, i.e. and ϑ and ε s are the incidence angle and the dielectric constant of the soil, respectively. It is worth mentioning that equation [2] is valid when the subsequent SAR data are acquired at the same incidence angles. If this is not the case, in general, SMOSAR adopts a normalization factor, i.e. σ ϑ ϑ 0 ( ) / cos( ) n [Baghdadi et al., 2001 ] to mitigate the effect of the incidence angle changes. 
Since the rank of A is 1 − N , the nullspace of A has dimension 1. The vector spanning such a nullspace can be computed by choosing one of the unknowns as the free parameter (e.g. where T indicates the transpose operator. Under these circumstances, the solution α is characterized by a parametric pdf ℘( ) α λ and the λ parameter corresponding to the most probable set of observations is selected. This is obtained by applying the Maximum Likelihood (ML) criterion to the ℘( ) α λ function, which can be easily derived from the pdf of the ratio of multi-looked amplitude radar backscatters [Oliver and Quegan, 1998; Lee et al., 1994] . For a number of looks larger than 10, the aforementioned pdf tends to a Gaussian distribution and, since in this study the equivalent number of looks of the analysed images can always be considered larger than 10, the ℘( ) α λ distribution can be approximated by a multivariate Gaussian distribution, i.e. is the inverse of the NxN covariance matrix. The ML estimator of λ is then found by maximizing the ML function ℘( ) α λ or minimizing − ℘ ln ( ) α λ , i.e. , which is coincident with the minimum norm solution provided by the Least Square approach, regardless the expected value of τ  and its covariance matrix. Once α is retrieved, the relative dielectric constant can be derived inverting equation [3] or [4] and then, the soil moisture content can be estimated by using a dielectric constant model, such as [Hallikainen et al., 1985] .
